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distance	modelling	 provides	 a	 reliable	method	 to	 assess	Bombus	 spp.	 density	 and	
habitat	 associations,	while	 accounting	 for	 imperfect	detection	 caused	by	distance	
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1  | INTRODUC TION
Native	 bees	 in	 North	 America	 are	 important	 pollinators	 of	 both	
crops	and	wild	plants	 (Ashman	et	al.,	2004;	Garibaldi	et	 al.,	2013;	
Kremen,	Williams,	&	Thorp,	2002).	 Indeed,	bees,	 along	with	other	




USD,	 annually	 (Calderone,	 2012).	 Even	 as	 the	 ecological	 and	 eco‐
nomic	 importance	 of	 native	 bees	 is	 recognized,	 there	 is	 a	mount‐






Federally	 Endangered	under	 the	Endangered	Species	Act	 in	 2017,	










population	 trends	 and	 identify	 environmental	 stressors	 affecting	
native	 bees	 (Vilsack	&	McCarthy,	 2015).	 Central	 to	 accomplishing	
these	goals	is	the	accurate	estimation	of	bee	population	sizes	across	
species,	genera,	morphospecies	and	functional	groups	to	establish	a	


















caused	 by	 imperfect	 detection	 (MacKenzie	 et	 al.,	 2005).	 In	 addi‐
tion,	failure	to	account	for	imperfect	detection	can	obfuscate	hab‐







Here,	we	demonstrate	 the	utility	of	hierarchical	 distance	 sam‐
pling	 (HDS)	 for	estimating	habitat‐specific	density	 (i.e.,	 abundance	
per	 unit	 area)	 and	detection	 probability	 of	 bumblebees	 in	 decidu‐




Royle,	 Dawson,	 &	 Bates,	 2004).	 It	 builds	 upon	 standard	 distance	
sampling,	 which	 is	 a	 widely	 used	 method	 for	 estimating	 animal	
abundance	 while	 for	 accounting	 imperfect	 detection	 (Buckland,	





occupancy,	N‐mixture,	 etc.),	most	 require	multiple	 visits,	 with	 the	
assumption	of	population	closure	between	surveys	 (Kéry	&	Royle,	
2015;	MacKenzie	et	al.,	2005).	Distance	sampling	may	be	particu‐
larly	useful	 for	 insect	studies	because	 it	 requires	only	a	single	site	
visit	to	estimate	detection	probability	and	many	short‐lived	insects	
(like	some	bee	species)	may	not	emerge	long	enough	to	allow	mul‐
tiple	visits	per	 site.	Distance	 sampling	has	been	 routinely	used	by	
wildlife	 researchers	 to	 model	 abundance	 and	 detection	 functions	











2  | MATERIAL S AND METHODS
2.1 | Study area
We	surveyed	bees	within	the	Pennsylvania	Wilds	region	of	north‐
central	 Pennsylvania,	 focusing	 on	 Centre	 and	 Clinton	 Counties	
(Figure	 1).	 This	 region	 lies	 within	 the	 Appalachian	 Plateau	 of	 the	
northcentral	Appalachian	Mountains	and	is	characterized	by	a	rug‐
ged	 series	 of	 high‐elevation	 ridges	 (300–600	m.a.s.l.)	 punctuated	
by	low	valleys	along	the	Allegheny	Front	(Shultz,	1999).	Vegetation	
communities	 within	 the	 Pennsylvania	 Wilds	 are	 chiefly	 mature	
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deciduous‐	or	mixed	forest	 (80–100	years,	post‐harvest;	McCaskill	
et	al.,	2009)	with	oak	(Quercus spp.),	hickory	(Carya	spp.)	and	east‐
ern	 hemlock	 (Tsuga canadensis)	 among	 the	 most	 common	 species	
(Wherry,	Fogg,	&	Wahl,	1979).	We	concentrated	our	efforts	within	
deciduous	 forests	 of	 Sproul	 and	Moshannon	 State	 Forests	where	
oak	 silviculture	 aims	 to	 restore	 young	 forest	 age	 classes	 through	





like	 hillside	 blueberry	 (Vaccinium pallidum)	 as	 well	 as	 herbaceous	




2.2 | Site selection and survey placement
We	 randomly	 selected	 47	 timber	 stands	 within	 Sproul	 and	
Moshannon	 State	 Forests	 that	 had	 been	 recently	 treated	 with	
overstory	 removal	 (basal	 area:	 2.3–9.2	 m2/ha).	 We	 attempted	
to	 maximize	 the	 distance	 between	 sites	 such	 that	 our	 average	





point	 generator	 tool	 in	ArcGIS	10.2	 (ESRI,	 2011).	We	attempted	
to	minimize	edge	effects	by	ensuring	points	were	relatively	con‐
sistent	 in	 their	 placement	with	 respect	 to	 timber	harvest	 edges;	




At	each	point,	we	 sampled	Bombus	 spp.	using	 three	 survey	 types:	
(a)	 distance	 transects;	 (b)	 transect	 counts;	 and	 (c)	 aerial	 netting	
counts.	 Both	 distance	 transects	 and	 fixed‐width	 transect	 counts	
occurred	 simultaneously	 along	 66	m	 transects	 oriented	 north‐
to‐south	 and	 centred	 at	 each	point	 location.	Along	 each	 transect,	











identify	 species	or	 sex	 for	Bombus	 spp.	 detected	 in	 situ	 therefore	
counts	were	likely	multiple	species	and	sexes.	Survey	data	for	each	
point	included	a	Bombus	spp.	count	and	their	corresponding	detec‐







sources	 near	 the	 transect.	We	 anecdotally	 observed	 this	 method	
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Index.	 Local	 temperature	 data	 were	 downloaded	 from	 Weather	



























immediately	 thereafter.	 This	method	 prevented	 us	 from	 recaptur‐
ing	and	double‐counting	bees	within	the	same	plot.	After	30	min	of	
survey	 time	had	elapsed,	each	Bombus	 spp.	was	 removed	 from	 its	









than	 plant	 composition.	 All	 vegetation	 data	 were	 collected	 along	
three	50	m	radial	transects,	each	oriented	at	0°,	120°	and	240°	from	












The	 plant	 category	 “grass”	 included	 any	 monocotyledonous	 plant	
(grasses,	sedges,	etc.).	We	recorded	plant	strata	with	an	ocular	tube	
such	that	only	strata	that	 intersected	with	crosshairs	 in	the	ocular	










HDS	 models	 implemented	 in	 the	 R	 package	 “unmarked”	 (Fiske	 &	
Chandler,	2011;	R	Core	&	Team,	2018).	The	package	unmarked	fits	
linear	models	in	a	maximum	likelihood	framework	and	can	be	com‐
bined	 with	 an	 Information‐Theoretic	 approach	 (Anderson,	 2007)	
for	the	purpose	of	model	selection	(e.g.,	using	Akaike’s	Information	
Criterion;	AIC;	Burnham	&	Anderson,	2002).	Hierarchical	distance	
models	 allowed	 us	 to	 create	 and	 rank	 candidate	 models,	 each	 of	
which	 contained	 independent	 model	 components	 for	 detection	












distances	 were	 measured	 in	 the	 field	 directly,	 we	 binned	 detec‐
tions	 as	 recommended	 by	 Buckland	 et	 al.,	 (2005):	 0–1,	 1–2,	 2–3,	
3–4	and	4–5	m.	Moreover,	to	prepare	distance‐based	transect	data,	
we	 truncated	 the	 outer	 10%	of	 our	 data	 such	 that	 analyses	were	
conducted	using	only	 the	 closest	 90%	of	Bombus	 spp.	 detections,	
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as	recommended	for	distance	analyses	by	Buckland	et	al.	(2005).	By	
truncating	 the	data	 in	 this	way,	all	detections	were	<5	m	from	the	
observer.
Distance	 models	 provide	 robust	 estimates	 of	 abundance	 by	
adjusting	 animal	 counts	 by	 the	 probability	 of	 detection	 for	 given	
distances	 (Buckland	 et	 al.,	 2005).	 This	 is	 accomplished	 by	 fitting	
















models	 for	 (a)	 time	of	 day;	 (b)	 surveyor;	 (c)	 temperature;	 (d)	 cloud	
cover;	(e)	wind	index;	and	(f)	a	null	(intercept‐only)	model.	Detection	








Using	 the	 informative	 covariates	 from	detection	 tiers	1	and	2,	we	
constructed	a	set	of	density	models	(habitat	covariates	on	density)	
that	accounted	for	 imperfect	detection:	 (a)	sapling	cover;	 (b)	shrub	










2.7 | Poisson generalized linear models





HDS	models,	 Poisson	 regression	models	 allowed	 us	 to	model	 bee	
counts	as	a	function	of	habitat	covariates:	(a)	sapling	cover;	(b)	shrub	
cover;	 (c)	 forb	cover;	 (d)	grass	cover;	 and	 (e)	 a	null	 (intercept‐only)	
model.	We	modelled	 our	 fixed‐radius	 transect	 counts	 by	 truncat‐
ing	 all	HDS‐transect	 data	by	2	m	of	 the	 transect	 line	 and	 treating	
the	data	as	a	raw	count	(Hanley,	Awbi,	&	Franco,	2014;	Scheper	et	
al.,	 2015),	 which	 is	 a	 standard	 technique	 when	 conducting	 visual	
encounter	 surveys.	 Net	 count	 data	 were	 modelled	 in	 a	 compara‐
ble	manner	 such	 that	 raw	 counts	were	modelled	 as	 a	 function	 of	
habitat	 covariates.	We	did	 not	 account	 for	 imperfect	 detection	 in	









were	within	2	m	of	 the	 transect	 line.	During	aerial	net	counts,	we	
captured	n = 201 Bombus	spp.	workers.	Of	the	bees	captured	during	








as	 a	 function	of	 time	 since	10:00	 (the	earliest	possible	 start	 time)	
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and	observer	ID	suggesting	that	the	latest	surveys	of	each	day	had	
the	 lowest	detection	probability	 and	 that	observers	were	unequal	
in	 their	 ability	 to	 detect	Bombus	 spp.	 (Table	 1;	 Figure	 3a).	 Among	
models	 investigating	 the	 relationship	 between	 habitat	 covariates	




AICc	 less	 than	 the	 null	model	 and	 the	β	 95%	 confidence	 intervals	
overlapped	zero.
3.2 | Habitat modelling
Models	 from	 all	 three	 analyses	 yielded	 discernable	 habitat	 asso‐
ciations	with	Bombus	 spp.	abundance	 (Table	2;	Figure	4).	All	 three	
analyses	 indicated	 that	Bombus	 spp.	 abundance	during	 the	 survey	





covariate	being	>2.0	AICc	 less	 than	 the	null	 and	having	parameter	
95%	confidence	 intervals	 that	did	not	overlap	zero	 (Table	2).	Only	
net	 counts	 suggested	 that	 grass	 cover	 was	 positively	 associated	
with	Bombus spp.	abundance	while	HDS	suggested	that	grass	cover	
was	instead	correlated	positively	with	detection	probability	but	not	
abundance	 (Table	 2;	 Figure	 4).	 In	 contrast,	 our	 net	 count	 analysis	
suggested	no	effect	of	shrub	cover	on	bee	counts,	with	the	“shrub”	




overdispersed	 (ĉ\hat{c}\hat{c}\hat{c}	<	1.0;	 with	 a	 mean	 ĉ\hat{c}\
hat{c}\hat{c}	=	1.01	across	models	 in	our	final	HDS	model	set).	We	
considered	 this	 an	 acceptable	 level	 of	 overdispersion	 and	 did	 not	




the	 three	 methods,	 we	 compared	 their	 estimated	 mean	 densities	
of	 foraging	Bombus spp.	 based	on	 intercept‐only	 abundance	mod‐
els	(including	detection	covariates	for	HDS).	Estimated	Bombus	spp.	
Model name K AICc ΔAICc AICc Wt. β estimate (95%CI)
Survey	covariates	on	detection	probability
p	(observer) 7 348.93 0.00 0.78 0.58	(0.21	to	0.95)
p	(time) 7 351.56 2.64 0.21 −0.23	(−0.38	to	−0.08)
p (.) 6 358.29 9.36 0.01 ‐
p	(wind) 7 359.87 10.94 0.00 −0.16	(−0.44	to	0.13)
p	(temp.) 7 360.64 11.72 0.00 −0.05	(−0.19	to	0.09)
Site	covariates	on	detection	probability
p	(grass) 7 352.67 0.00 0.85 0.35	(0.07	to	0.63)
p	(forb) 7 358.27 5.61 0.05 0.17	(−0.04	to	0.37)
p	(.) 6 358.29 5.62 0.05 ‐
p	(shrub) 7 359.65 6.99 0.03 −0.13	(−0.35	to	0.09)
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forager	 density	 within	 timber	 harvests	 was	 highest	 for	 the	 HDS	
models	(192	foraging	workers/ha;	95%	CI:	153–240)	and	lowest	for	
net	counts	(21	foraging	workers/ha;	95%	CI:	19–23	Figure	5);	an	89%	
difference	between	 the	 two	methods.	Transect	 counts	yielded	 in‐
termediate	 estimates	 of	 density	 (40	 foraging	workers/ha;	 95%	CI:	
34–47),	and	were	80%	lower	than	density	estimates	from	HDS.	Site‐
specific	 HDS	 modelled	 densities	 and	 netting	 count	 raw	 densities	






caused	 by	 imperfect	 detection	 is	 one	 of	 the	 central	 challenges	 of	
ecological	monitoring	programs	(Thompson,	2002;	Yoccoz,	Nichols,	
&	Boulinier,	 2001)	but	has	 yet	 to	be	widely	 applied	 to	monitoring	
of	many	 invertebrates,	 including	pollinators	 (but	 see	Bendel	et	al.,	
2018;	Loffland	et	al.,	2017;	Mackenzie,	2003;	Van	Strien,	Termaat,	
Groenendijk,	Mensing,	&	Kery,	 2010).	Methods	 like	 distance	 sam‐
pling,	while	offering	a	potential	 solution	 to	 this	 challenge,	 are	 still	













lationships	 (Buckland	 et	 al.,	 2005).	 Hierarchical	 distance	 sampling	
models	are	one	of	the	few	available	methods	that	allow	researchers	
to	model	 detection‐adjusted	 abundance	with	only	 a	 single	 visit	 to	
each	site	(Buckland	et	al.,	2005;	Kéry	&	Royle,	2015;	MacKenzie	et	
al.,	 2005).	The	method	uses	only	non‐lethal	 sampling,	unlike	 trap‐
ping/netting	methods	(Tepedino	et	al.,	2015)	which	is	especially	de‐
sirable	when	 sampling	 for	 species	of	 conservation	 concern,	 or	 for	
common	species	 in	 areas	where	capture‐based	 sampling	 is	not	 al‐
lowed.	Additionally,	HDS	models	are	also	useful	because	the	output	
is	an	easily	 interpreted	latent	state:	density	with	units	 in	“animals/
area”.	 In	 our	 study,	 HDS	 models	 generated	 estimates	 of	 foraging	
Bombus spp.	worker	density.
Model name K AICc ΔAICc AICc Wt. β estimate (95%CI)
Hierarchical	distance	sampling
λ	(sapling) 6 337.69 0.00 0.98 −0.30	(−0.45	to	−0.14)
λ	(shrub) 6 345.83 8.13 0.02 0.21	(0.05	to	0.37)
λ	(.) 5 350.2 12.51 0.00 –
λ	(grass) 6 350.41 12.71 0.00 −0.17	(−0.38	to	0.05)
λ	(forb) 6 352.82 15.13 0.00 −0.01	(−0.16	to	0.14)
Transect	counts
λ	(sapling) 2 277.63 0.00 0.96 −1.44	(−2.20	to	−0.69)
λ	(shrub) 2 284.48 6.85 0.03 0.85	(0.25	to	1.44)
λ	(grass) 2 289.8 12.17 0.00 −0.93	(−2.14	to	0.28)
λ	(.) 1 290.07 12.44 0.00 ‐
λ	(forb) 2 292.16 14.54 0.00 0.133	(−0.74	to	1.01)
Net	counts
λ	(sapling) 2 360.71 0.00 1.00 −1.63	(−2.26	to	−1.01)
λ	(grass) 2 384.38 23.67 0.00 0.85	(0.03	to	1.67)
λ	(shrub) 2 385.65 24.94 0.00 0.41	(−0.09	to	0.90)
λ	(.) 1 386.08 25.37 0.00 –
λ	(forb) 2 387.09 26.38 0.00 0.39	(−0.31	to	1.09)
Note.	Models	are	ranked	 in	descending	order	of	Akaike’s	 Information	Criterion	adjusted	for	small	
sample	size	(AICc).	Distance	transect	data	included	Bombus	spp.	detected	from	0	to	5	m	along	66	m	
transects.	Transect	counts	 included	Bombus spp.	detected	 from	0–2	m	along	66	m	 transects.	net	
count	data	were	counts	of	Bombus spp.	within	15	m	radius	plots.	Site	covariates	included	per	cent	
cover	 as	measured	 by	 50	m	 radius	 vegetation	 surveys	 for	 vegetation	 structure:	 saplings,	 shrubs,	
forbs,	and	grass.	Below	we	report	number	of	model	parameters	(k),	AICc,	Δ	AICc,	AICc weight	(AICc 
Wt.)	and	each	covariate	β	parameter	estimate	and	β	parameter	estimates	(95%	confidence	interval).
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Despite	being	among	the	largest	and	most	conspicuous	of	North	
American	 bees	 (Michener	 et	 al.,	 1994),	 we	 found	 that	 detection	







low‐growing	 monocotyledons	 like	 Carex pennsylvanica.	 Abundant	
low‐growing	 sedge	 allowed	 observers	 to	 view	 Bombus	 spp.	 from	
greater	distances	than	when	sites	were	dominated	by	tall	saplings,	
















nology	 during	 our	 survey	 window.	 Regenerating	 saplings	 within	
the	 timber	 harvests	 we	 monitored	 were	 largely	 oaks,	 hickories,	



































Monitoring	programs	 for	Bombus	 spp.	 and	other	native	polli‐
nators	can	be	improved	by	incorporating	study	design	and	model‐
based	 approaches	 for	 minimizing	 detection	 error.	 Although	 we	
included	several	design‐based	solutions	for	minimizing	detection	
error	(e.g.,	restricting	survey	times,	only	surveying	in	fair	weather;	
Ward	 et	 al.,	 2014),	 detection	 probability	 remained	 imperfect	
and	 varied	 due	 to	 time	 of	 day,	 observer	 and	 vegetation	 cover.	
Consequently,	methods	that	ignored	detection	probability	gener‐
ated	 density	 estimates	 80%–89%	 lower	 than	 HDS.	 Past	 studies	
have	shown	the	importance	of	using	design‐based	approaches	to	




with	 thick	 vegetation	 cover,	 such	 as	 prairies	 and	 forested	 wet‐
lands,	or	obstructive	objects,	such	as	urban	environments,	are	also	
likely	 to	 underestimate	 bee	 abundance	 even	 if	 multiple	 design‐
based	approaches	are	used.	While	traditional	sampling	techniques	





Although	our	 results	 suggest	 that	HDS	 represents	a	promising	
tool	for	monitoring	bumblebees,	researchers	wishing	to	employ	the	







the	 location	of	 first	 detection	 for	Bombus	 spp.	 apparently	 flushed	
and	their	loud	flight	made	close	detections	almost	certain.	We	note	
that	 this	method	would	not	work	well	 for	 species‐level	 identifica‐
tion	because	observations	are	made	from	a	distance	and	some	bee	
genera	are	exceedingly	difficult	to	identify,	even	with	a	microscope	

















Although	 net‐based	 sampling	 is	 often	 preferable	 for	 investigating	
species‐specific	 habitat	 relationships,	 the	 potential	 for	 movement	








“snapshot”	 in	 time,	 and	 lacking	 species‐specific	 habitat	 relation‐
ships	(Olesen,	Bascompte,	Elberling,	&	Jordano,	2008).	Full‐season	




tervals	 from	 early	 spring	when	 queens	 first	 emerge	 through	 late	
autumn	would	 prove	 valuable.	 In	 fact,	 examination	 of	 queen	 bee	




timating	 the	 number	 of	 foraging	workers,	 as	we	 have	 done	 here.	
Conducting	HDS	during	the	spring	and	early	summer,	when	queens	
are	 the	only	 active	bumble	bee	 foragers,	may	prove	 a	useful	 and	
non‐lethal	approach	to	estimating	 the	abundance	of	 reproductive	
individuals,	and	the	expected	number	summer	colonies	for	a	given	
area.	 However,	 sampling	 queens	 would	 likely	 require	 additional	
sampling	sites	or	repeat	visit	because	counts	would	be	much	lower	
and	HDS	models	may	have	trouble	converging	with	relatively	few	
sampling	 locations.	 Caution	 should	 also	 be	 exercised	 with	 inter‐
pretation	 of	Bombus spp.	 density	 estimates	 reported	 here	 as	 our	
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